This paper investigates the cross-country correlation between stock markets and its implications. It does so by introducing a new measure called the Scaled Covariance Difference (SCD), which captures the difference between the covariance of short term returns and longer term returns. This measure has practical implications for portfolio optimization, as well as in testing for the joint efficiency of markets. Our focus in this paper is on including the off-diagonal terms of the variance-covariance matrix in the analysis so as to develop a test for joint market efficiency, unlike the univariate tests for market efficiency which only make use of information along the main diagonal of the variance-covariance matrix. We also demonstrate how to implement the test for joint market efficiency using data on weekly stock returns from the Nifty and S&P 500 indices.
Introduction & Literature Review
Stock market efficiency is one of the most fundamental topic of research in finance. In a broad sense, market efficiency depends on the degree to which prices of stocks and other securities reflect all available information in the market. Bachelier [1] argues that the market price reflects past, present and even discounted future events but these events show no apparent relation to price changes. When the price changes are independently, identically and normally distributed, the stock prices follow random walk. The tests of market efficiency are based on testing the random walk hypothesis. Lo and MacKinley [2] tested the random walk hypothesis by considering the How to cite this paper: Viswanathan, L., Maheswaran, S. and Balasubramanian, G. (2019) A Test for Joint Market Efficiency Theoretical Economics Letters weekly stock market returns. They compared variance estimators derived from data sampled at different frequencies. There are a number of subsequent studies which make use of this variance ratio test to test market efficiency. Huang [3] , Urritia [4] , Smith and Ryoo [5] and Darrat and Zhong [6] tested the efficiency of Asian markets, Latin American markets, European markets and Chinese market respectively using the variance ratio test. All these studies analyze one particular market at a time. Geweke and Feige [7] developed a single joint test of efficiency of several forward foreign exchange markets. They made use of simultaneous equation procedure to test multi-market efficiency. The cointegration literature [8] [9] [10] [11] addresses the concept of markets being collectively efficient.
Chan, Gup and Pan [9] examines the cross-country market efficiency hypothesis by using Johansen's [12] [13] cointegration tests. Forbes and Rigbon [14] explore stock market co-movement during crises by making use of heteroskedasticity biases tests for contagion based on correlation coefficients. Erb, Harvey and Viskanta [15] studied international equity cross-correlations based on a semi-correlation metric that differentiates equity correlations in bull and bear markets.
The variance ratio test using the L-M statistic put forward by Lo and MacKinley [2] applies only to the main diagonal in the variance-covariance matrix. Our focus in this paper is to analyze the off-diagonal covariance terms to develop a test for joint market efficiency. A careful examination of cross-country correlation and its determinants plays an important role in this regard. A change in correlation reflects a change in cross-country covariance or volatility of stock markets. There have been a number of studies that examined the correlation between different stock markets. Kaplanis [16] , King and Wadwani [17] , Koch and Koch [18] , Longin and Slonik [19] , Karolyi and Stulz [20] , Longin and Slonik [21] , Wong, Agarwal and Du [22] are to name a few.
The above-mentioned studies analyze the variance-covariance matrix to examine the cross-country correlation over time. The first contribution of our paper is that we examine the correlation and its determinants of short term returns as well as the long term returns (ranging from 1-week return to 8-week returns) of the US and Indian stock markets over the time period under study. Secondly, rather than using the variance-covariance (VCV) matrix, we observe k-week correlation, scaled covariance and V-ratio. More importantly we introduce the measure, Scaled Covariance Difference (SCD) to check if there exists any significant difference between 1-week covariance and k-week covariance. This measure serves beneficial in portfolio optimization as well as to test the joint efficiency of two markets. In this paper we limit our effort on making use of SCD to develop a joint test of market efficiency from an investor's perspective.
We consider weekly returns from Nifty and S&P500 index for empirical analysis. What we find is that the factors under study (k-week correlation and k-week scaled covariance) appear more or less flat before and after the global financial crisis. However, the level of these factors has changed subsequent to the crisis. The V-ratio remains insignificant for Nifty and S&P500 across all samples. 
Methodology

Theory
First we obtain weekly log returns from stock index X and then generate k-week log returns using the formula given below.
For an investor from country A with stock index X, returns from country B with stock index Y B is: Exchange rate Exchange rate Exchange rate
We compute k-week log returns using the following equation.
where, t x is the weekly log return (from stock index X), t y is the weekly log return (from stock index Y after taking the exchange rate fluctuations into account), k is the number of weeks to be summed up (as a moving window). That is to say to obtain longer term returns, we add up x t or y t (1-week returns) over k-week moving window, such as when k =1, the original series is taken as it is and consists of weekly return data. When k = 2, observations 1 & 2, 2 & 3 etc. are added to form a new series of 2-week returns etc.
We compute the k-week correlation, k-week scaled covariance and k-week V-Ratio using the following formulae.
( )
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This is a natural generalization of the Variance Ratio (LM statistic) proposed by Lo and MacKinlay [2] . LM statistic applies only to the main diagonal. Our contribution is to bring to the foreground the off-diagonal covariance entries in Ω(k) (Variance-covariance matrix) and make them take the center-stage.
Test for Joint Market Efficiency: An Illustrative Example. Two markets are said to be jointly efficient if the stock prices in the two markets follow a two dimensional random walk. The returns from the two markets can be correlated during the same week but not over time.
Assume, X t is iid so that the CUMSUM of X t follows a random walk. Suppose,
; It follows Y t has the same distribution as X t Consider the covariance between two-weekly returns of X t and Y t ( )
Cov ,
Consider covariance between three-weekly returns of X t and Y t ( )
Cov -week return of , -week return of 1 Because X t series is iid. Therefore, if we look at univariate tests for random walk behavior in asset Y, we probably will find no rejection because the return series is iid. The univariate tests of the random walk hypothesis are not powerful enough to detect this sort of a deviation from joint market efficiency. Our point is that we need to make use of the information in the off-diagonal elements of the variance-covariance matrix to test for joint market efficiency.
If k-week SCD is significant, it means that scaled k-week covariance is significantly different from scaled 1-week covariance. This suggests that there is a lag in information/shock transmission between the markets under consideration.
SCD being insignificant indicates that the k-week covariance is not statistically different from 1-week covariance. This means that there is no lag in information or shock transmission between the markets. Therefore SCD serves as an indicator to test the joint efficiency of markets.
There are other practical implications for the SCD other than test for joint efficiency. In portfolio optimization, estimation of the variance-covariance matrix is of paramount importance. Scaled cov-diff helps to identify circumstances when k-week covariance depends on k. Knowing 
this is important for figuring
out what values to use as parameter inputs in mean variance optimization framework. If the scaled k-week covariance is significantly different from 1-week covariance, then the input for mean-variance optimization depends on the value of k. That is to say, the SCD helps to identify the circumstances when k-week covariance depends on k.
Equations & Hypotheses
We consider Equation (1) and Equation (2) from Section 2.2. We test the following hypotheses
Empirical Analysis
Data
We make use of data of weekly closing price of S&P500 and NIFTY index and data on USD-INR exchange rate from Bloomberg to compute weekly log returns using the formula: It is important to discuss why weekly data is considered for the analysis. The most crucial reason for conducting this study using weekly data is to avoid biases arising from non-trading days, asynchronous prices etc. Lo and MacKinlay [2] argue that weekly sampling is the ideal compromise yielding a large number of observations while minimizing the biases inherent in daily data. This argument is supported by Ramchand and Susmel (1998) who used weekly data as opposed to monthly data for the study since it provides enough observations needed to estimate the different states of correlation without the noise of daily data.
Analysis
In order to test Hypothesis I and II (H 1 :ρ x,y = 0 & H 2 :Scaled Cov x,y =0) we compute weekly log return of S&P500 and Nifty index using the data and generate series of k-week returns using the equation specified in Section 2.2 for sub-sample#1
and sub-sample#2. The null hypothesis for each sub-sample is based on the assumption that the two series of weekly returns are independent of each other. To test this hypothesis we make use of the bootstrapping technique to generate 1000 bootstrap samples of k-week returns of S&P500 (adjusted for exchange rate) independently of the 1000 bootstrap samples of k-week returns of the Nifty index. For each of the 1000 bootstrap samples, we then compute the k-week correlation, scaled k-week covariance. We also compute the bootstrap standard error for each k-week, t-statistic with respect to 0 and upper and lower limits of the confidence interval. 
Empirical Findings
The output of the analysis is summarized in the following 10 tables. Each table contains six columns that represent the k-week, correlation/scaled covariance/V-ratio/scaled cov-diff, standard error, t-statistic with respect to 0 (t-statistic with respect to 1 for V-ratio), upper and lower limits of the confidence interval. The bootstrap procedure has been made use of in order to get reliable standard errors based on the finite sample distribution of the test statistics.
Figures corresponding to each table are also given.
To test the hypothesis-H1 stated in Section 2.3, we undertake t-tests, with the size of the test being α = 5%. For the sub-sample#1 (Table 1 ) and sub-sample#2 (Table 2) , correlation remain significantly different from 0 as k-week goes from 1 to 8. It is evident from Figure 1 that beyond k-week = 3, correlation appears more or less flat. It undergoes a slight decrease in case of sub-sample #2. Based on the t-tests, we reject the null hypothesis H1 at 95% confidence level for sub-sample#1 and sub-sample#2. Further, it can be observed that the level of correlation has increased for each k-week, subsequent to the global financial crisis (i.e. during sub-sample#2) ( Figure 2 ).
In order to check the pattern of covariance between the k-week return series of Nifty and S&P500, we computed the scaled covariance between the k-week returns of Nifty and S&P500. Table 3 and Table 4 display the results of the analysis during sub-sample#1 and sub-sample#2 respectively. The scaled covariance remains flat after k-week = 3 prior to the global financial crisis (Figure 3  & Figure 4 ). The t-statistic for each scaled k-week covariance is significant. Therefore we reject H2 (Section 3.2) for sub-sample#1 and sub-sample#2 at 95% confidence level except for k-week = 7 & 8 during sub-sample #2. Table 5 and Table 6 summarize information about k-week V-ratio of Nifty index during sub-sample#1 and sub-sample#2 respectively. During sub-sample#1 the deviation of V-ratio remain significant till k-week = 4 and becomes insignificant Table 3 contains 6 columns namely, scaled covariance between weekly log-returns NIFTY and S&P500 at level, standard errors, t-statistic with respect to zero, lower and upper limits of the confidence interval (95%) during sub-sample#1 (Jan1996-Dec 2007). Table 4 contains 6 columns namely, scaled covariance between weekly log-returns NIFTY and S&P500 at level, standard errors, t-statistic with respect to zero, lower and upper limits of the confidence interval (95%) during sub-sample#1 (Jan2009-Dec 2016). Table 6 Figure 5 . V-Ratio of Nifty during sub-sample#1. Figure 5 and Figure 6 show V-ratio of weekly returns of Nifty index during sub-sample#1 (Jan 1996-Dec 2007) and sub-sample #2 respectively. The dotted lines form the boundaries of the 95% confidence interval. Figure 6 . V-Ratio of Nifty during sub-sample#2. Figure 5 and Figure 6 show V-ratio of weekly returns of Nifty index during sub-sample#1 (Jan 1996-Dec 2007) and sub-sample #2 respectively. The dotted lines form the boundaries of the 95% confidence interval.
afterwards. V-ratio for each k-week is insignificant during sub-sample#2. This can also be observed from Figure 5 and Figure 6 . This suggests that we fail to reject the null hypothesis H3 (Section 3.2) for every k-week during sub-sample#2.
But in case of sub-sample#1, V-ratio is insignificant only for longer term returns (starting from k-week = 4). Therefore we reject the H3 for k-week V-ratio for k ranging from 2 to 4.
The scaled k-week V-ratio of S&P500 index during sub-sample#1 and sub-sample#2 is summarized in Table 7 and Table 8 respectively (Also refer Figure 7 and Figure 8 ). During sub-sample#1 k-week V-ratio is insignificant for each k-week except for 2-week return series. The V-Ratio is clearly insignificant for each k-week returns in sub-sample#2 thereby providing strong evidence for the random walk hypothesis. (H3) is not rejected in case of S&P500 during sub-sample#1 as well as sub-sample#2 except for 2-week returns during sub-sample#1. Table 7 contains 6 columns namely, Variance ratio of the S&P500 index, standard errors, t-statistic with respect to zero, lower and upper limits of the of confidence interval (95%) during sub-sample#1 (Jan 1996-Dec 2007). Table 9 contains 6 columns namely, difference between k-week scaled covariance and 1-week covariance of S&P500 and NIFTY, standard errors, t-statistic with respect to zero and lower and upper limits of the 95% confidence interval during sub-sample#1. Table 10 contains 6 columns namely, difference between k-week scaled covariance and 1-week covariance of S&P500 and NIFTY, standard errors, t-statistic with respect to zero and lower and upper limits of the 95% confidence interval during sub-sample#2. Figure 7 . V-Ratio of S&P500 during sub-sample#1. Figure 7 and Figure  8 show V-ratio of weekly returns of S&P500 index during sub-sample#1 (Jan 1996-Dec 2007) and sub-sample#2 respectively. The dotted lines form the boundaries of the 95% confidence interval. Figure 8 . V-Ratio of S&P500 during sub-sample#2. Figure 7 and Figure  8 show V-ratio of weekly returns of S&P500 index during sub-sample#1 (Jan 1996-Dec 2007) and sub-sample#2 respectively. The dotted lines form the boundaries of the 95% confidence interval. . SCD (S&P500-Nifty) during sub-sample#2. Figure 9 and Figure 10 show the difference of k-week and 1-week covariance between weekly log-returns of NIFTY and S&P500 during sub-sample#1 (Jan 1996-Dec 2007) and sub-sample#2 (Jan 2009-Dec 2016) respectively. The dashed lines form the boundaries of 95% confidence interval. Table 9 and Table 10 show information pertaining to scaled cov-diff. Figure   9 and Figure 10 represents the information summarized in Table 9 & Table 10 .
Scaled cov-diff captures the difference between k-week covariance and 1-week covariance. If the value of scaled cov-diff is not statistically different from 0, it suggests that there is no lag in information transmission between the markets. In this case, US is the bigger market and Indian stock market is more like a satellite to it. Failing to reject the null-H4 (Section 3.2) indicate that the transmission of information from the US market to the Indian market happens within the same week.
We observe that the scaled cov-diff is not statistically different from 0 for Scaled Cov-diff C.I Min C.I Max k-week as k goes from 2 to 8 during sub-sample#1 and sub-sample#2 (Table 9 &   Table 10 ). Therefore we fail to reject the null hypothesis-H4. Scaled cov-diff = 0 does not mean the scaled covariance is zero. It indicates that the scaled covariance, remains flat. It means that the markets are efficient as the information transmission happens within the same week. This is an evidence for the joint efficiency of the Indian and American stock markets.
Conclusion
In this study, we have introduced a new measure called the Scaled Covariance Difference (SCD), which captures the difference between the covariance of short term returns and longer-term returns. We have made use of information in the off-diagonal terms of the variance-covariance matrix in the analysis so as to develop a test for joint market efficiency. We have demonstrated how to implement the test for joint market efficiency using data on weekly stock returns from the Nifty and S&P 500 indices. What we find is that, the k-week SCD between the US and the Indian market remains insignificant for all values of k. This suggests that the information transmission between these markets occurs within the same week. This provides strong evidence for the joint efficiency of Indian and American stock markets.
